Pedestrian detection is of great importance for ensuring traffic safety. In recent years, many works employing image-based shape features to recognize pedestrians have been reported. However, previous pedestrian detectors were in many cases not sufficient to achieve satisfactory results under complex weather conditions and complex scenarios. As a solution this paper exploits two videobased motion feature descriptors and applies such motion features to the detection task in addition to four classical shape features with the aim of significantly improving the detection performance. Our motion features are defined as the trajectory smoothness degree and motion vector field, which are derived from our proposed point tracking strategy beyond tough target segmentation. And then the appealing Dempster-Shafer theory of evidence (D-S theory) is applied to fuse these features, due to the fact that D-S theory is better than the classical Bayesian approach in handling the information with lack of prior probabilities. The proposed automatic pedestrian detection algorithm is evaluated on real data and in real traffic scenes under various weather conditions. Theoretical analysis and experiment results consistently show that the proposed method outperforms SVM-based multifeature fusion approach for pedestrian detection in terms of recognition ability and robustness in various real traffic scenes.
Introduction
The ability to detect and recognize human being is fundamental for minimizing the number of deaths in car accidents. In recent years the pedestrian detection has attracted more and more attention of researchers all over the world. One of the key problems in pedestrian recognition is how to extract robust and effective features from traffic surveillance videos. Many pedestrian detection algorithms have been put forward based on various features [1] [2] [3] [4] [5] [6] [7] [8] , such as shape features [1] [2] [3] and motion features [4, 5] . Tracking techniques are often used in pedestrian detection as well. In [8] , pedestrian objects were tracked, and their shapes were recursively estimated to detect them.
However, previous pedestrian detectors are in many cases not sufficient to achieve satisfactory results. One essential cause is that the variability of the appearances and poses of the pedestrians makes the shape features unstable. Meanwhile, most of previous works are based on the accurate image segmentation. Some of them employed image segmentation technologies to extract pedestrian hypotheses from images to calculate their shape features. Some executed image segmentation technologies to extract pedestrian targets from video frames and then tracked the segmented-pedestrianregion to obtain the motion features, whereas it is absolutely a tough task to achieve satisfactory image segmentation. Moreover, various complex weather conditions [9] the varying illumination, shadow effect, interference of other objects, and the incredibly unpredictable background of a traffic scene always make the pedestrian segmentation more challenging [10] , leading to the unreliability of segmentation-based shape and motion features. As a solution this paper exploits two video-based motion feature descriptors and then applies such motion features to the pedestrian detection in addition to four classical shape features with the aim of significantly improving the detection performance. Our motion feature descriptors are defined as the trajectory smoothness degree and the motion vector field, which were derived from our 2 Advances in Mechanical Engineering proposed point tracking strategy without target segmentation procedure.
Many research findings available show that using individual features to identify pedestrian targets tends to give an uncertain or even wrong result. On the other hand, different features contain different discriminative information and they are complementary to each other. If all these different features are utilized together and fused efficiently, the recognition performance is bound to be improved greatly. Multifeature fusion can produce a better global understanding of the observed pedestrian by decreasing the uncertainty related to the individual features, thus resulting in a welladaptive answer to pedestrian detection. In fact, information fusion has already been widely applied in diverse fields [11] [12] [13] [14] [15] and there have been growing interests in its use in intelligent transportation systems [13] [14] [15] and in pedestrian detection [3, 6, 13, 14] . In [14] , the two types of data, that is, the infrared video data and the lidar data, were considered, and invariant vectors were devised to distinguish pedestrians from other targets using support vector machines (SVMs). But SVM-based fusion approaches always involve great computational complexity due to their learning on large training data sets. To circumvent the problems mentioned above, this paper used the Dempster-Shafer theory of evidence (D-S theory) [16] to perform the multifeature fusion to establish a pedestrian recognition method, which could realize the pedestrian detection with high certainty and precision.
As the generalization of Bayesian theory, D-S theory is a powerful and efficient approach for solving data fusion problems in practical applications [11, 12, 15] . Moreover, unlike the Bayesian theory and SVM fusion, D-S theory has significant advantages in terms of the representation, measure, and fusion of the imprecise and uncertain information [16] . Therefore, this paper selects D-S theory to fuse the diverse features to increase the reliability of the pedestrian recognition. Additionally, besides four popular shape features of pedestrians, two efficient motion features are exploited to improve the detection robustness to the diversity of illumination, traffic scenes, pedestrian appearance, and so on.
In this paper, our major goal is to develop a pedestrian detection method based on multifeature fusion, which could provide a better robustness and higher detection correctness rate and lower false alert rate than pedestrian detection methods available. Our proposed method is derived by the aid of D-S theory along with our defined motion features. The rest of this paper is organized as follows. Section 2 reviews the D-S theory. And then Section 3 describes diverse features used to characterize and separate the objects of interest (e.g., the vehicles and pedestrians). Our proposed motion features especially are defined and developed concretely. In Section 4 our proposed multifeature fusion pedestrian detection method is presented step by step, and its performance is evaluated in real traffic scenes in Section 5, and experiment results verify the superiority of our proposed pedestrian detection method. Finally, Section 6 is dedicated to our conclusions.
D-S Theory
As each feature brings a piece of evidence on the presence of a pedestrian, the most of features do not discriminate pedestrians alone. To benefit from all information involved in diverse features, we need to combine them using a certain data fusion approach. D-S theory [16] is the generalization of the Bayesian theory and has been implemented to solve practical data fusion problems [11, 12, 15, 16] . Bayesian framework for data fusion makes an extensive use of prior probabilities, but the prior probabilities of some data are often unknown. D-S theory abandons the additive property of probabilities in classical probability frame and allows reasoning with weaker prior knowledge which is much easier to get. Moreover, unlike the classical Bayesian theory, it can handle the uncertain information and capture the imprecise nature of information. Consequently, the D-S theory appears as the best way to manage the imprecision of pedestrian features, reducing the uncertainty of the pedestrian detection.
In the D-S framework, evidence is assigned to the elements of the set. The set consists of all possible propositions and is called the discernment frame and often denoted by Θ, while Θ = { 1 , 2 , . . . , }. A proposition about variable is any subset of Θ. 2 Θ is called the power set of Θ, denoting the set of all 2 possible subsets of Θ. To give an example, let us think of a patient that can be affected by cancer or not. We can model this scenario by defining a variable with the frame Θ = {ac, nac}, where ac is the proposition "patient is affected by cancer, " nac the proposition "patient is not affected by cancer, " and (ac ∪ nac) the doubtful proposition "patient is or is not affected by cancer. " Each proposition is mapped onto a single subset and is assigned a basic belief mass through a basic probability assignment (BPA) function. The BPA function over the propositions from 2 Θ has the following properties:
where 0 denotes the empty set and the summation is taken over every possible subset of Θ. The BPA function maps the any subset to a number ( ), whose value is between 0 and 1. Each set such that ( ) > 0 is called a focal element for 2 Θ . ( ) is the part of probability that supports exactly but does not support any strict subset of due to lack of knowledge. In the previous example, if we had assigned mass 0.85 to {ac ∪ nac} proposition and 0.15 to {ac}, it would have meant that there is some evidence for the patient being affected by cancer, but based on current knowledge, a great part of our confidence cannot be assigned to none of the two specific propositions.
If we want to obtain the total belief for a set , we must add the mass of all proper subsets of plus the mass of itself, thus obtaining the belief for the proposition . The belief function is defined as
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The belief function Bel( ) contains all evidences attached to subsets of the proposition and summarizes all our reasons to believe in with the available knowledge. In D-S theory, information about each proposition is represented by an interval, bounded by two values, namely, the belief and the plausibility. The plausibility function is defined as follows:
The plausibility function Pl( ) is the sum of all the masses that intersect the set of interest . From the definition of Bel( ) in formula (2), Bel( ) implies correspondingly that we believe is false. Therefore, Pl( ) denotes the belief extent to which we believe is not false. The interval Pl( ) − Bel( ) represents the ignorance degree of , that is, the lack of information (or the amount of doubt) about . Bel( ) and Pl( ) are the lower-limit and upper-limit of belief degree of , respectively, which usually be denoted by (Bel( ), Pl( )). For instance, for (0.25, 0.85), Bel( ) and Pl( ) are 0.25 and 0.85, respectively. Consequently, we believe that is true with BPA mass of 0.25, and meanwhile we believe that is false. By subtracting 0.85 from 1 we obtain the unbelief mass of equal to 0.15. Thus we believe that is true in a little bit more degree than that is false.
In the case of imperfect data, fusion is a powerful approach to obtain more relevant information. After defining focal elements for each feature and assigning pieces of evidence to each focal set, the D-S theory provides an orthogonal fusion rule [16] to perform information fusion, that is, combining two BPA functions 1 and 2 to yield a new BPA function . The BPA mass of the proposition , resulting from the combination of two sources 1 and 2, is expressed as follows:
where is defined as follows:
measures the conflict degrees between 1 and 2 . The bigger corresponds to the higher conflict. If = 1, it implies that the propositions 1 and 2 are incompatible, whereas the fusion of 1 and 2 will produce a new BPA function when ̸ = 1. Furthermore, Dempster's combination rule treats conflict as a normalization factor, so its presence is no longer visible after fusion.
Continuing the previous example, suppose that two doctors could provide information after their examining the patient and lead us to write the following BPA values:
Note that the first doctor is a cancer specialist and the second is not. The information the second doctor provides is quite limited about cancer diagnosis with mass 0.3, while most of the mass (0.7) is assigned to doubt. Fusing the two pieces of information according to the rule as presented in (5) results in
It is seen that values after fusion are not far from those already assigned by 1 , because the second doctor did not bring a clear contribution to the cancer diagnosis. Meanwhile, because the first doctor strong believes that this patient is affected by cancer (0.8) and assigns mass 0.2 to show her/his low belief of absence of cancer, little conflict is observed as = 0.2 * 0.3 = 0.06. Dempster's combination rule can be generalized to more than two hypotheses, and the belief function resulting from the combination of information sources is defined as
where 1 , 2 , . . . are focal elements. However, it yields quite large computation burden. Therefore, we adopted an equivalent method to calculate multievidence fusion result. That is, we fused every two evidences using the combination rule described as formula (4) so that all evidences can be integrated with low computational complexity.
There are various ways to take a decision in the D-S framework. The main decision rules [17] are the maximum of belief, the maximum of plausibility, and the center of the interval whose boundaries are belief and plausibility. Considering the characteristics of the pedestrian detection, this paper chose the belief function as the decision rule.
Feature Abstraction
The confirmation of fused features is the first step in D-S fusion framework. The goal of feature computation is to find clues about the presence of pedestrians in video images. The choice of features directly influences the detection performance of the pedestrian detection algorithm. As the proposed detection approach must be generic, we have to find features common to the pedestrians. Therefore, considering the diversity of pedestrian appearances, poses, and behaviors, especially the occlusions and light conditions in the road traffic scenes, motion features would be incorporated into the detection task besides classical shape features. Furthermore, with the aim of pursuing the more efficient pedestrian detection effect, this paper proposed two video-based motion feature descriptors. In this section, the traditional shape and motion features to be implemented in this paper will be briefly introduced, and our proposed motion features and their computation procedure will be described in detail.
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Traditional Features and Performance Analysis
3.1.1. Shape Features. Pedestrians possess many kinds of features, while shape features are the most common and widely used due to their merits of visibility and simplicity. In traffic scenes, the objects with highest occurrence frequency are the vehicles and pedestrians, while there is a big difference between their geometry features. The human body is in the stripe shape while a pedestrian stands or walks; thus compared with vehicles, pedestrians have bigger length-towidth ratio. Similarly, pedestrians have significantly different width and area values from that of vehicles. When the value of the length-to-width ratio is bigger than a certain threshold, or the width value is smaller than a predefined threshold, or the area value is within a predefined threshold interval, we may consider that a pedestrian occurs. In our experiments we used the method presented in [18] to calculate the values of the length-to-width ratio, width, and area of pedestrian candidates.
Motion Features.
Although many works implementing shape features to recognize pedestrians have been reported in literature, the pedestrian detectors based on shape features are in many cases not sufficient to achieve satisfactory results in complex weather or scenarios conditions. Because shape features are subject to be straightly affected by the results of pedestrian segmentation generally, it is hard to obtain the satisfactory contour of a pedestrian from traffic images especially under the situations of the complex traffic background, illumination variation, shadow effects, and pedestrian overlapping. For example, pedestrians can be partially occluded by common urban elements, such as parking vehicles or street infrastructure. In such cases, we fail to segment complete pedestrian candidates, resulting in incorrect shape feature values.
To circumvent above problems, motion features are necessary to be considered. Motion features are much more essential and robust in describing pedestrians. Generally, the speed of moving pedestrians is obviously smaller than that of running vehicles. Consequently, the speed metric becomes one basic and typical motion feature which has been heavily studied in many literatures [4, 5, 8, 19] . When the speed value of the candidate target is within a predefined threshold interval, we may consider that a pedestrian occurs. In our experiments, following the definition of pedestrian speed presented in [19] , we calculate the speed value of pedestrian candidates using our proposed feature-point-based tracking.
Proposed Motion Features and Performance Analysis.
The extraction procedure of speed feature presented in the literature available always involves the pedestrian segmentation [4, 5, 8, 19] , thus inevitably inducing the instability and inaccuracy of pedestrian detection as mentioned above. Therefore, to get around above problems and significantly improve the pedestrian detection performance, we develop two much more discriminative motion features and they are computed based on our proposed feature-point tracking method without involving image segmentation. Our featurepoint-based tracking method will be outlined below.
First, we use the Moravec detector [20] to detect corners in the video images, and for the purpose of reducing noise interference we improve the Moravec detector to select highquality corners for a moving object. The moving object extraction would be done before the corner detection to eliminate unnecessary corners and reduce the calculating amount. We obtain the pedestrian candidate through the accumulating frame difference method [21] followed by the morphological opening and closing operation. Second, considering that pedestrian and vehicle motions can be treated as uniform linear motions between consecutive frames, their corners will be predicted by Kalman filter, which will reduce searching scope and calculating amount. Third, a searching area around the predicted corner in the current frame and a matching template around the corner in the previous frame are established. Then a full search matching is carried out in the searching area with the matching template. Finally, we will get the motion trajectory of every corner, while irregular track trajectories are removed [22] . For details of our proposed tracking procedure, please see our recent works presented in [23] .
Therefore, the moving targets are successfully tracked and their trajectories are obtained by our feature-point-based tracking method. Trajectories provide rich information about pedestrian motion states. With the help of behavior analysis based on the trajectories of moving targets, we construct two motion feature descriptors as follows to identify pedestrians.
Trajectory Smoothness.
Generally, when pedestrians walk on the road, their walk speeds are always slow and their moving trajectories are usually not smooth (see Figure 1 (a)) due to unsteady walking gait. On the contrary, the speeds of vehicles are relatively faster and vehicles almost would not sway, so their moving trajectories are much smoother (see Figure 1(b) ). Therefore, trajectory smoothness degree (TSD) can be regarded as one distinct feature of pedestrian incidents. We defined it as the ratio of the length of the arc to that of the chord; that is,
where the chord and arc of a certain trajectory are illustrated in Figure 1 
(⋅) and (⋅) are the horizontal and vertical axis values of each corner in the tracking sequence, respectively. We calculate the TSD defined in (9) with the use of corners after the Advances in Mechanical Engineering th tracked corner. In experiments we generally assume = 30, and each corner in the tracking sequences is determined using five consecutive frames of monitoring videos. When the TSD is bigger than a presupposed threshold, we identify that the tracked target is a pedestrian.
Trajectory Vector Field.
The abnormal targets appearing in the video have a great influence on the normal trajectory vector field. That is, the motion estimation of a pedestrian can be realized by using the overall trajectory vector field. Based on the first consecutive frames (we always let = 1500 in our experiments), we used the tracking method described in 3.2 to record all trajectories of normally running vehicles on the road and considered each trajectory as a two-dimension vector with the direction and displacement relative to the reference of the camera screen. All the vectors thus form a normal trajectory vector field shown in Figure 2 (a). For each curve in the vector field, the distance between every two arrows reflects the current speed of a moving vehicle, and the direction of the arrows indicates its current direction.
Continuing to track the subsequent moving targets, the trajectory vector field updates in real time. In the current trajectory vector field illustrated as Figure 2(b) , the green and red curves denote the trajectory vector of the vehicle and the pedestrian, respectively. Their speed deviation and direction deviation are described in
( ) = arctan ( (( − 1) ) − (( − 1) ( − 1)) (( − 1) ) − (( − 1) ( − 1)) ) , (13) nor ( ) = arctan ( nor (( − 1) ) − nor (( − 1) ( − 1)) nor (( − 1) ) − nor (( − 1) ( − 1)) ) ,
( ) = ((( (( − 1) ) − (( − 1) ( − 1))) 2 + ( (( − 1) ) − (( − 1) ( − 1))) 2 ) (( − 1) ) − nor (( − 1) ( − 1))) 2 + ( nor (( − 1) ) − nor (( − 1) ( − 1))) 2 )
) .
(16)
( ) represents the direction of the th trajectory vector of an abnormal target in the trajectory vector field and nor ( ) the direction of the normal target. ( ) and nor ( ) denote the actual speed and normal speed, respectively. We use trajectory vectors to calculate the and , while every tracking corner is fitted into one trajectory vector. (⋅) and (⋅) ( nor (⋅) and nor (⋅)) are the horizontal and vertical axis values of each actual corner (normal corner) in the tracking sequence, respectively. V 0 is the playing-speed of the traffic monitoring video. In our experiments we usually suppose both and to be five as illustrated in Figure 2 (c) and V 0 to be 25 frames per second. When the values of and are bigger than the presupposed threshold, we recognize that an abnormal target, like a pedestrian, emerges on the road.
Performance Analysis.
As well known, the main challenge in the pedestrian detection is that the required performance is quite demanding in terms of speed and robustness. Next we will evaluate our proposed features theoretically in two aspects, that is, robustness and computational complexity.
It is noticed that the previous motion features of pedestrians are usually obtained by tracking method which are based on the segmentation for moving pedestrians [4, 5, 8, 24] . As usual, image segmentation is one of the problems in analyzing the computer vision, especially under various complex traffic environments, such as cloudy, rainy, and snowy conditions. Many problems such as illumination variations, shadow effects, and overlapping will make the task of segmenting of the individual object difficult [9, 10] . Meanwhile, the complex algorithms of high-level pedestrian modeling and learning create a great amount of computation, which in turn is mostly unstable and time consuming. Different from the idea of tracking objects as a whole, we make an effort to select the most common low-level feature points on pedestrians for tracking without segmentation. Moreover, feature points have the advantage of efficient locating and easy tracking, which is critical for the following target tracking. Accordingly, feature points tracking works well for solving many problems of pedestrian tracking in complex traffic environments and various weather conditions; thus our mined motion features described above can characterize pedestrians with strong robustness.
Furthermore, in our proposed feature point tracking framework, only one or a small number of good or qualified corners are chosen as feature points for a moving object. Therefore, it is quite different from corner point tracking methods available, in which many low-quality corners exist. The causes lie in many aspects. For example, corners may be detected on one pedestrian, and the distribution of corners is usually intensive in a partial region, and virtual corners formed by the background scenes occluded with a pedestrian do not physically exist, and so on. Low-quality corners are unstable during pedestrian tracking process, always leading to tracking errors as well as redundant computations. Consequently our explored motion features may become reliable evidences in making an immediate response to the occurrence of a pedestrian.
D-S Fusion Pedestrian Incident
Detection Algorithm 4.1. Basic Probability Assignment. Our recognition frame is Θ = { 1 , 2 }, where 1 is the proposition "there is a pedestrian incident, " 2 the proposition "there is no pedestrian incident, " and 3 = ( 1 ∪ 2 ) the doubtful proposition "there is or not a pedestrian incident. " Three measurements, that is, detection correctness rate, false alarm rate, and uncertainty rate, are used to weigh the detection performance of the discussed pedestrian features in this paper [2, 4, 24] and serve as BPA function . For multifeature fusion pedestrian detection, the values of BPA function for each feature must be first confirmed. However, it is hard to get enough samples of pedestrian incidents in realistic road monitoring videos to calculate them. Therefore, this paper uses Monte Carlo simulation [25] with crystal ball [26] to settle sample problems. Monte Carlo simulation allows us to run thousands of iterations of the model quickly and summarizes the entire range of possible outcomes efficiently. It lets us define probability distributions on uncertain model variables and then uses simulation to generate random values from the defined probability ranges. Before running crystal ball, we need construct an Excel spreadsheet model. Through this model, we obtain the pedestrian detection performance report of the six features ( = 1, 2, . . . , 6) (i.e., length-to-width ratio, width, area, speed, trajectory smoothness degree, and motion vector field). In this model, we suppose three parameters as the triangle distribution. Thus the basic probability assignment ( ) is realized and displayed in Table 1 , where ∑ 3 =1 ( ) = 1.
Fusion
Algorithm. The multifeature fusion pedestrian detection algorithm put forward in this paper can be described as follows.
Step 1. Confirm fusion objects; that is, calculate the six features of pedestrian incidents.
Step 2. Determine the detection correctness rate, false alarm rate, and uncertainty rate of each feature for pedestrian detection in the various traffic situations.
Step 3. Obtain the pedestrian detection performance reports with the help of Monte Carlo simulation method (see Section 4.1) to assign the basic credibility.
Step 4. Use evidence combination rule of D-S theory with basic credibility assignment to fuse all features and produce the final credibility;
Step 5. Use the belief function as decision rule to identify whether or not the pedestrian emerges in the traffic scenes.
The proposed pedestrian incident detection approach has the superiority of the high detection performance, strong robustness, low cost, and easy realization.
Simulations and Analysis
To test the proposed pedestrian detection approach using D-S multifeature fusion and to evaluate our developed motion features, a large number of simulations and experiments have been carried out under various traffic scenes, and we also compared it with the SVM feature fusion method presented in [14] in terms of the pedestrian detection performance. We compared the number of the traffic events automatically detected (corresponding to the "Detection" in Table 3 ) by detection algorithms with the number of events detected by human sight (corresponding to the "Inspection" in Table 3) for the same sequence.
Simulation
Experiments. First, we tested our pedestrian detection algorithm offline in terms of its ability to detect 8 Advances in Mechanical Engineering pedestrian events. We prepared many scenarios with different pedestrian events and in different road sections in tunnels and in cities of Xi'an, Shanghai, and Chongqing in China with various conditions, including sunny days, cloudy days, and rainy day and nighttime. The size of each image is 720 × 288, and the sampling frequency is 25 fps. The proposed system is implemented with Visual C++ on a raw video format. Figure 3 shows the offline test scenarios, including Chongqing highway in sunny day and Shanghai highway in sunny day, cloudy day, and at night, and urban road sections in Xi'an and Huaying tunnels. The simulation results of pedestrian event detection in different cases are summarized in Table 2 . Line 6 and Line 10 display the values of detection correctness rate, false alarm rate, and uncertainty rate obtained by the SVM fusion method put forward in [14] with the traditional features (please refer to Section 3.1) and with additional our proposed motion features (please refer to Section 3.2). Line 7 and Line 11 show the corresponding values obtained by our proposed D-S fusion method. And other values in other lines are basic probability assignments of single feature same to Table 1 .
Comparing Line 7 with Line 6 and Line 11 with Line 10 in Table 2 , we can see our proposed D-S fusion approach yields higher detection correctness rate and lower uncertainty rate than the SVM fusion method with the same features. That demonstrates the superiority of our D-S fusion framework over SVM fusion approach in the fact that the appealing D-S evidence theory can deal with uncertainty more efficiently. In addition, the comparison of the Line 10 with Line 6 and Line 11 with Line 7 in Table 2 reveals that using our developed features can improve detection performance for both the D-S fusion framework and SVM fusion approach, implying our proposed two features presented in Section 3 are quite feasible and valuable for pedestrian incident detection. Moreover, during our simulation experiments, we also compared the operation time of our propose D-S fusion pedestrian detection method with that SVM fusion pedestrian method. The records show the former can respond within 2 seconds, much quicker than the latter of 7 s. SVM fusion approach involves learning procedure on large training data set, leading to excessively great computational complexity. This series of experiments on real traffic surveillance data indicate that the Advances in Mechanical Engineering proposed pedestrian detection method works well with high detection performance for various weather conditions.
Online Experiments in Real Traffic
Scenes. Our pedestrian detection method was tested online on six urban roads in Shanghai to see whether the system could accurately detect the pedestrian events under various conditions, including sunny days, cloudy days, rainy day, and nighttime. We have implemented the surveillance system with a camera network including six cameras. The heavy computational operations of feature point extracting and tracking as well as pedestrian motion feature extraction are placed on the video processors, while the detection result and relevant data are saved on the host PC. The video processor is composed of 20 DSPs, and each DSP processes the data collected by one camera. Meanwhile, the department of traffic management can monitor real-time traffic conditions through the Ethernet.
Our surveillance system worked 24 hours from November 2, 2013, to December 2, 2013, including sunny day, cloudy day, and rainy day. And different test roads have different traffic complexity and different pedestrian occurrence probability. The testing results obtained by our method and SVMbased fusion method are listed in Table 3 , where "Average" denotes the average detection positive rate, average false alarm rate, and average response time of all detection results on six roads. As displayed in Table 3 , we can see that the proposed method has the superiority with higher detection positive rate and lower false alarm rate than the SVM-based fusion method in the real traffic scenes. Additionally, from Table 3 we know the pedestrian detection times for SVMbased fusion method are less than 10 s, whereas the proposed method needs 5 s at most. Therefore, the proposed method would have better performance in real-time applications.
Conclusions
D-S theory is powerful to deal with uncertain information, and traffic monitoring videos include rich information of pedestrian incidents. So taking advantages of them, we constructed a multifeature D-S fusion pedestrian detection approach with the important features abstracted from traffic videos. Furthermore, besides the traditional shape features, we developed two efficient motion features for pedestrian incidents by employing an improved feature-point tracking framework without object segmentation. Theoretical analysis and experiment results on real data and in real traffic scenes consistently show our explored two features are effective and our proposed fusion approach has superior pedestrian detection performance under various weather conditions. Theoretical analysis and experiment results also consistently show that the proposed method outperforms SVM-based multifeature fusion approach for pedestrian detection in terms of recognition ability and robustness and response time in various real traffic scenes.
